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	The grouping of the verses of the Qur'an is made to make it easier to understand. Grouping can be done with an algorithm based on similar patterns in a collection of text or documents. Clustering is a method of grouping an object using a specific algorithm, one of which is K-Means clustering. The clustering process is done by calculating a word weight. The clustering results are often less than optimal because of the random selection of centroids. Therefore, the Particle Swarm Optimization (PSO) algorithm will be used in this study. The PSO algorithm will produce a centroid value that will be used for clustering with K-Means. Another model of PSO is the hybrid PSO. This hybrid PSO algorithm first executes the K-means algorithm once. In this case the K-Means clustering is stopped when (1) the maximum number of iterations is exceeded, or when (2) the mean change in the centroid vector is less than 0.0001.
The clustering results of the three models show that the lowest Sum of Squared Error (SSE) value of 1032.19 is generated by the K-Means algorithm. The highest Silhouette value is generated from the PSO hybrid algorithm of 0.258. The lowest quantization value of 0.00947 was generated from the PSO hybrid algorithm. The results of clustering were also evaluated with a confusion matrix which resulted in a value of 81,7% for clustering with K-Means, K-Means with PSO of 82,5% and the combination of K-Means with PSO hybrid resulted in a value of 91,1, which is the highest confusion matrix value of the three clustering models.
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INTRODUCTION
The Qur'an has a unique structure, one of which is divided into 30 sections called juz. Each juz is divided into several different bows in each surah depending on the number of verses in the surah and the short length of each verse (Khotimah, 2014). The grouping aims to make memorizing, studying, and studying the Qur'an easier Each letter can contain various themes, and specific themes can be in several letters. 
Text grouping in text mining can determine the relationship/relevance between verses, one of which is clustering. Clustering is a part of document classification that divides a collection of texts into several subsets called clusters. Each cluster's text has a more significant similarity than those in different clusters. Clustering is useful for organizing documents to improve information retrieval and support browsing  (Aggarwal and Zhai, 2013). 
The determination of the centroid influences the quality of the clustering results. In K-Means, the resolution of clustering is made randomly. This can result in less than optimal clustering results. Therefore, it is necessary to optimize the centroid so that the resulting clustering is more optimal.
The quality of clustering results with K-Means can be improved by using Particle Swarm Optimization (PSO). With PSO, the K-Means centroid was determined by the PSO and PSO hybrid methods. The combination of PSO with K-Means gives better clustering results when compared to clustering with K-Means (Van Der Merwe and Engelbrecht, 2003).
Particle Swarm Optimization (PSO) is used as a feature selection algorithm. This algorithm uses Term Frequency-Inverse Document Frequency (TF-IDF) is a function to evaluate each text feature at the document level (Abualigah, Khader and Hanandeh, 2018)
To overcome the convergence problem of the fuzzy c-means clustering algorithm based on PSO, which is sensitive to noise and less effective when handling data sets with larger dimensions, a Fuzzy C-Means (FCM) clustering method based on the enhanced PSO algorithm is proposed. This approach distributes membership based on the distance between the sample center and the cluster so that membership satisfies the FCM constraint. Then optimization is carried out so that the optimal particles are guided to cover the group effectively. Experimental results show the proposed method significantly enhances the effect of PSO-based FCM clustering encoded in membership (Niu and Huang, 2011).
The Image-Based Medicinal Plant Identification System created in 2014 states that the PSO method is used to overcome the weaknesses of the traditional clustering method, namely the selection of the initial cluster center and local solutions. This study showed that the PSO method improved the performance of the k-means clustering method in the identification process of medicinal plants (Bisilisin, Herdiyeni and Silalahi, 2017).
The study entitled Optimization of K-Means Clustering for Identification of Infectious Diseases Endemic Areas with the Particle Swarm Optimization Algorithm in the city of Semarang in 2018 showed that the use of optimization in identifying infectious disease-endemic areas by combining the K-Means clustering algorithm with particle swarm optimization (PSO) have better performance (Rustam, Santoso and Supriyanto, 2018)
The research entitled Combining Particle Swarm Optimization based on Feature Selection and Bagging Technique for Software Defect Prediction in 2013 discussed the combination of PSO optimization and bagging techniques to increase the accuracy of software defect prediction. PSO is applied to handle feature selection, and the bagging method deals with class imbalance problems (Wahono and Suryana, 2013)

RESEARCH METHODS
The research steps to be carried out are as follows: First, the conversion of the translated text of the Koran in Indonesian into the required dataset format and preprocessing of the dataset. Second, clustering the Indonesian translation of the Al-Qur'an dataset. Clustering was carried out several times to obtain the best cluster results. They are testing the clustering results done on each to find the best cluster results. They were third, clustering with PSO and PSO hybrid with the best number of clusters generated from the previous process. Fourth, an analysis of the effects of three clustering models (K-Means clustering, K-Means, and PSO, as well as the K-Means algorithm with PSO hybrid) was produced. The research steps are shown in Figure 1.
Search for the best K number based on the Silhouette Coefficient value
Clustering process with K-Means++, K-Means - PSO, and K-Means - PSO Hybrid

Analysis of the results of 3 clustering models
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Figure 1: Research Steps

RESULTS AND DISCUSSION
The grouping of the Qur'an translation documents can be done in various ways, such as the similarity between the translations of the Qur'anic verses (R.Wahyudi, 2019) and K-means clustering combined with the normalization of the TF-IDF algorithm (Wahyudi, 2020). This study performs distance-based clustering of the translation of the Qur'an using K-Means clustering. K-means clustering is an algorithm for grouping data based on the proximity of the distance to the main point or centroid to produce specific data groups (Kaur, 2017). Centroids are determined randomly. This random centroid determination model is a weakness of k-means clustering. To overcome these weaknesses, particle swarm optimization (Tan, 2015) with a fitness function silhouette coefficient is used to determine the initial centroid point. PSO is a population search algorithm based on simulations of the social behavior of bees or schools of fish. This algorithm was initially intended to simulate the folk bird's graceful and unpredictable choreography graphically. PSO is a straightforward optimization technique to apply and modify several parameters (Basari et al., 2013).
Preprocessing in this study includes lemmatizing, and stop words are not deleted. The process of lemmatizing is returning a comment to the root word. In this study, the stop word is not removed so that the actual meaning of the translated sentence of the Qur'an does not change to the opposite meaning. Next, the weight of each document's word will be determined using the TF-IDF algorithm. TF-IDF is a statistical measurement to measure a term’s importance in a document. In the calculations carried out, the weight will be calculated based on the frequency of occurrence without considering the position of the word in the text, its semantics, and its event with other terms in the document.

Finding the best K number in the group
The K-Means method groups data into several groups, where data in one group have the same characteristics and have different parts from data in other groups (Agusta, 2007). The K-Means method cluster results depend on the group center’s initial value. Giving different initial values ​​can produce other groups (B. Santosa, 2007), so to determine the best number of k, repeated simulations of the clustering process with the K-Means algorithm were performed ten times and model testing by calculating the silhouette coefficients generated by each clustering process. Silhouette coefficient testing tests the model to determine how close the relationship between objects in a cluster is and how far apart a set is from another group. The silhouette coefficient method combines two methods, namely the cohesion method, which measures how close the relationship between objects in a cluster is, and the separation method, which measures how far one set is from another. The silhouette coefficient calculation stages are shown in equations 1 to 4:

1. Calculate the average distance i centroid point to all objects in one cluster.
	𝛼(𝑖)=1 |A| ∑𝑗 ∈𝐴,𝑗≠𝑖 𝐶 𝑑(𝑖,𝑗), 	(1)

	Where j is the object in cluster A and d(i, j) is the distance of object i to j.

2. Calculate the average distance i centroid point to all other cluster objects, then take the smallest value. 
	𝑑(𝑖,𝐶) = 1 |A| ∑𝑗 ∈ 𝐶 𝑑(𝑖,𝑗), 	(2)

Where d(i,C) is the distance of object i to other cluster objects
	𝑏(𝑖) = min𝐶 ≠ 𝐴 𝑑(𝑖,𝐶), 	(3)

3. Calculate the silhouette coefficient for each centroid
	𝑠(𝑖) = b(i)-a(i) max (a(i),b(i)), 	(4)

The average value of the silhouette coefficient or s(i) shows how precisely the data is grouped. The best k number search program code is shown in Figure 2.














Figure 2: Program code to find the best number of K in clustering
From the code in Figure 2, the silhouette coefficient value is generated from 10 simulations of the clustering process as shown in table 1. From table 1 it can be concluded that from 10 simulations of the search for the best number of clusters in the translation of the Qur'an, it resulted that 90% of the number of clusters The best is 4. And only one simulation shows that the best number of clusters is 9. Therefore, the number of clusters will be used in this study is 4 clusters.
Table 1: Silhouette coefficients resulting from the search for the best K
	Simulation to
	Number of Clusters

	
	3
	4
	5
	6
	7
	8
	9

	1
	0.255
	0.269
	0.245
	0.234
	0.196
	0.261
	0.251

	2
	0.255
	0.269
	0.265
	0.235
	0.242
	0.212
	0.251

	3
	0.255
	0.269
	0.265
	0.234
	0.242
	0.261
	0.231

	4
	0.255
	0.263
	0.264
	0.235
	0.242
	0.261
	0.268

	5
	0.255
	0.270
	0.265
	0.234
	0.242
	0.212
	0.262

	6
	0.255
	0.269
	0.265
	0.235
	0.242
	0.212
	0.223

	7
	0.255
	0.269
	0.265
	0.235
	0.243
	0.261
	0.268

	8
	0.254
	0.269
	0.265
	0.235
	0.243
	0.212
	0.262

	9
	0.255
	0.269
	0.264
	0.234
	0.253
	0.219
	0.268

	10
	0.245
	0.269
	0.264
	0.235
	0.242
	0.219
	0.252



Clustering with K-Means++, K-Means - PSO, and K-Means - PSO Hybrid
The clustering process used in this study will use 3 clustering models, namely K-Means++, K-Means optimized with the Particle Swarm Optimization (PSO) algorithm and K-Means optimized with the hybrid Particle Swarm Optimization (PSO) algorithm.


Clustering with K-Means 
In clustering using K-Means, each data object will calculate the similarity size, determining how close the two patterns are to each other. K-means clustering groups data vectors into a predetermined number of clusters, based on the Euclidean distance as a similarity measure. The data vectors in a cluster have a small Euclidean distance and are associated with a single centroid vector, representing the "midpoint" centroid of the cluster. The centroid vector is the average data vector belonging to the corresponding cluster. The K-means clustering process will stop if one of the following criteria is met: (1) if the maximum number of iterations has been exceeded or a slight change in the centroid vector over the number of iterations. (2) if there is no change in cluster membership. In this study, the algorithm will be stopped when the number of iterations specified by the user has been exceeded.
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Figure 3: Clustering program code with K-Means

Clustering with PSO and K-Means
The PSO particle representation in optimizing the centroid value in the K-Means clustering algorithm influences the clustering results. Particle representation is generated in the form of numerical and integer categories according to the constraints of each parameter. PSO K-Means Clustering Hybrid Cycle :
Step 1: initialize
· Initialize PSO parameters like n, wmax, wmin, c1, and c2.
· Initialization of particles representing the centroid value of each cluster and velocity.
Step 2: update
· Update the position of each particle and calculate its fitness value using K-Means
· Update the best position for each particle.
· Update the best overall position of the particle.
Step 3: random injection
- Enters randomly generated p particles for each q iteration.
Step 4: stop condition
- If the iteration has not been completed, do step 2, and it has stopped

The PSO particle representation in optimizing the centroid value in the K-Means clustering algorithm influences the clustering results. Particle representation is generated in the form of numerical and integer categories according to the constraints of each parameter. The PSO optimization program code for the K-Means clustering algorithm is shown in Figure 4.
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Figure 4: Clustering program code with PSO and K-Means

Clustering with Hybrid PSO and K-Means
The K-means algorithm converges faster (after evaluating fewer functions) than the PSO, but the resulting clustering is usually less accurate. The clustering process will be carried out using the PSO hybrid model in this section. Hybrid PSO is done by increasing the performance of the PSO clustering algorithm by seeding the initial swarm with the results of the K-means algorithm. This PSO hybrid algorithm first executes the K-means algorithm once. In this case, K-means clustering is terminated when (1) the maximum number of iterations is exceeded or when (2) the mean change in the centroid vector is less than 0.0001 (user-defined parameter).
The results of the K-means algorithm are then used as one of the particles, while the rest of the swarm is initialized randomly. The PSO best algorithm as presented in Figure 4 is then executed. The PSO hybrid program code is shown in Figure 5.
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Figure 5: PSO hybrid and K-Means clustering program code





CONCLUSIONS AND RECOMMENDATIONS
The results of clustering the number of translated verses of the Qur'an produced using the K-Means, PSO, and K-Means algorithms, as well as hybrid PSO and K-Means, are shown in Figure 6. 
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Figure 6: Distribution of data from clustering

Figure 2 shows the results of the distribution of the number of verses in each cluster generated by the three clustering models. From the three algorithms used, it can be seen that the tendency of the data generated in the K-Means algorithm and the combination of PSO and K-Means clustering has the same direction, and the use of the hybrid PSO algorithm and K-Means clustering produces a model of the amount of data that tends to be different from the K-Means algorithm and combinations of PSO and K-Means.
The clustering results will then calculate the value of the Sum of Squared Error (SSE), silhouette coefficient, and quantization score to compare the clustering effects. SSE is the sum of the squared values of the distance between the data and the cluster center.  The program code to compare the results of the clustering is shown in Figure 7.
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Figure 7 : Program code for comparison of results of three clustering models

The results of the program execution shown in Figure 7 are shown in Figure 8 below:
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Figure 8: Comparison of results of three clustering models
Figure 8 shows that the K-Means algorithm generated the lowest SSE value, and the silhouette score and quantitative error score were generated by the PSO hybrid algorithm and K-Means clustering.

Discussion
To test the consistency of the models included in each cluster, the clustering results obtained from the three models were tested using a confusion matrix. The program code for calculating the confusion matrix is shown in Figure 9.



[image: Text

Description automatically generated]
























Figure 9 : Program code to calculate the confusion matrix
The execution of the confusion matrix calculation program code results in the consistency values of each cluster formed for the three models as presented in Figure 10.
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Figure 10: The results of the confusion matrix
The calculation of the confusion matrix generated in Figure 4 shows that the lowest accuracy result is produced by K-Means clustering of 0.817 (81.7%). The highest accuracy results were obtained by PSO hybrid and K-Means clustering, which was 0.911 (91.1%). 
Based on the resulting confusion matrix, it can be concluded that the clustering process with K-Means clustering optimized with PSO in the Indonesian translation of the Koran gives better results when compared to the clustering process with K-means clustering without optimization.
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kmeanspp = {
“silhovette’: [],
‘sse' i [1,
‘quantization® : [1,
}

for _ in range(20):
kmean_rep = KMeans(n_cluster=jk, init_pp=True)
kmean_rep. fit(x)
predicted_kmean_rep = kmean_rep.predict(x)
silhouette = silhouette_score(x, predicted_kmean_rep)
sse = kmean_rep.SSE
quantization = quantization_error(centroids=kmean_rep.centroid, data=x, labels=predicted_kmean_rep)
kmeanspp[ *silhouette’ ].append(silhouette)
kmeansppl[ ‘sse'].append(sse)
kmeanspp[ ‘quantization'].append(quantization)
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pso_plain = {
“silhovette’: [],
‘sse' i [1,
‘quantization® : [1,
}

for _ in range(20):
pso_rep = Particleswarmoptimizedclustering(
n_cluster=jk, n_particles=10, data=x, hybrid=False, max_iter=2000, print_debug=2000)
pso_rep.run()|
pso_kmeans = KMeans (n_cluster=jk, init_pp=False)
pso_kmeans.centroid = pso_rep.gbest_centroids.copy()
predicted_pso_rep = pso_kmeans. predict(x)

silhouette = silhouette_score(x, predicted_pso_rep)
sse = calc_sse(centroids=pso_rep.gbest_centroids, data=x, labels=predicted_pso_rep)
quantization = pso_rep.gbest_score

pso_plain['silhouette’ ].append(silhouette)

pso_plain[ 'sse"].append(sse)

pso_plain['quantization’ ].append(quantization)
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for _ in range(20):
pso_rep = Particleswarmoptimizedclustering(

n_cluster=jk, n_particles=10, data=x, hybrid=True, max_iter=2000, print_debug=2000)

pso_rep.run()
pso_kmeans = KMeans (n_cluster=jk, init_pp=False)
pso_kmeans.centroid = pso_rep.gbest_centroids.copy()
predicted_pso_rep = pso_kmeans. predict(x)

silhouette = silhouette_score(x, predicted_pso_rep)
sse = calc_sse(centroids=pso_rep.gbest_centroids, data=x, labels=predicted_pso_rep)
quantization = pso_rep.gbest_score

pso_hybrid[ *silhouette"].append(silhouette)

pso_hybrid[ *sse’].append(sse)

pso_hybrid[ ‘quantization'].append(quantization)
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‘sse_mean' : [
np.around(np.mean (kmeanspp[ 'sse']), decimals=10),
np.around(np.mean(pso_plain[ ‘sse']), decimals=10),
np.around(np.mean(pso_hybrid['sse’]), decimals=10),
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‘quantization_mean' : [
np.around(np.mean (kmeanspp[ ' quantization']), decimals=10),
np.around(np.mean(pso_plain[ ‘quantization']), decimals=10),
np.around(np.mean(pso_hybrid[ 'quantization']), decimals=10),

1,

‘quantization_stdev' : [
np.around(np. std(kmeanspp[ ' quantization']), decimals=10),
np.around(np. std(pso_plain['quantization']), decimals=10),
np.around(np. std(pso_hybrid[ ‘quantization']), decimals=10),
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method  sse_mean sse_stdev silhouette_mean silhouette_stdev quantization_mean quantization_stdev

0 K-Means++ 1032197322 24.648917 0.244784 0.033314 0.372876 0.000948
1 PSO 1362.894855 167.060285 0.161804 0.047703 0.403137 0.022370
2 PSOHybrid 1072.786079 149.905357 0.258894 0.027964 0.368320 0.009474
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def plot_confusion_matrix(
y_true, y_pred, classes, normalize=False, title=None,
if not title:
if normalize:
title = 'Normalized confusion matrix'
else:
title = 'Confusion matrix, without normalization'
# Compute confusion matrix
cm = confusion_matrix(y_true, y_pred)
classes = classes[unique_labels(y_true, y_pred)]
if normalize:
cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]
print("Normalized confusion matrix")
else:
print(*confusion matrix, without normalization')
print(cm)
fig, ax = plt.subplots()
im = ax.imshow(cm, interpolation='nearest’, cmap=cmap)
ax.figure.colorbar(im, ax=ax)
ax.set(xticks=np.arange(cm.shape[1]), yticks=np.arange(cm.shape[e]),
xticklabels=classes, yticklabels=classes,
title=title, ylabel='True label’, xlabel='Predicted label')
plt.setp(ax.get_xticklabels(), rotation=45, ha="right",
rotation_mode="anchor")
fmt = '.2f' if normalize else 'd’
thresh = cm.max() / 2.
for 1 in range(cm.shape[0]):
for j in range(cm.shape[1]):
ax.text(j, i, format(cm[i, j], fmt), ha="center", va="center",
color="white" if cm{i, j] > thresh else "black")
fig.tight_layout()
return ax
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ssc=[]
for u in ulang :
for n_clusters in range_n_clusters:
clusterer = KMeans(init='k-means++', n_clusters=n_clusters)
cluster_labels = clusterer.fit_predict(x)
silhouette_avg = silhouette_score(x, cluster_labels)
ssc.append (silhouette_avg)
print(u,";",f"{ssc[0]:.3£}",";",f"{ssc[1]:.3£}",";",£"{ssc[2
f"{ssc[3]:.3f}", ,E"{ssc[4]:.3f}",";",f"{ssc[5]:.3f}

3fpn g,
", f"{ssc[6]:

<.3£}")
ssc.clear()
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